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Surgical resection of the seizure onset zone (SOZ) could potentially lead to seizure-freedom in 
medically refractory epilepsy (MRE) patients. However, localizing the SOZ is a time consuming, 
subjective process involving visual inspection of intracranial electroencephalographic (iEEG) 
recordings captured during invasive passive patient monitoring. Cortical stimulation is currently 
performed on patients undergoing invasive EEG monitoring for the main purpose of mapping 
functional brain networks such as language and motor networks. We hypothesized that the evoked 
responses from single pulse electrical stimulation (SPES) can be used to localize the SOZ as they 
may express the natural frequencies and connectivity of the iEEG network. We constructed patient 
specific transfer function models from evoked responses recorded from 22 MRE patients that 
underwent SPES evaluation and iEEG monitoring. We then computed the frequency and 
connectivity dependent “peak gain” of the system, as measured by the 𝓗∞  norm from systems 
theory, and the corresponding “floor gain,” which is the gain at which the 𝓗∞  dipped 3dB below 
the DC gain. In cases for which clinicians had high confidence in localizing the SOZ, the highest 
peak gain transfer functions with the smallest “floor gains” corresponded to when the clinically 
annotated SOZ and early spread regions were stimulated. In more complex cases, there was a large 
spread of the peak gains when the clinically annotated SOZ was stimulated. Interestingly for 
patients who had successful surgeries, our ratio of peak-to-floor (PF) gains, agreed with clinical 
localization, no matter the complexity of the case. For patients with failed surgeries, the PF ratio 
did not match clinical annotations. Our findings suggest that transfer function gains and their 
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corresponding frequency responses computed from SPES evoked responses may improve SOZ 
localization and thus surgical outcomes. 
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Introduction & Background 
1.1 What is epilepsy? 
According to the World Health Organization (WHO), as many as 1 billion people worldwide suffer 
from neurological disorders [1]. Together with headaches, epilepsy is one of the most common 
chronic neurological disorders [1,2] and the fourth most common neurological illness in the United 
States after migraines, strokes, and Alzheimer’s [1,3]. This disease plagues more than 60 million 
people globally, with over 150,000 people developing epilepsy each year in the United States alone 
[2].  
 
Epilepsy is difficult to define because of the variable and unpredictable nature of the disease. In 
2014, the International League Against Epilepsy (ILAE) updated the definition of epilepsy to be a 
disease of the brain that is marked by any of the following conditions: “1. at least two unprovoked 
(or reflex) seizures occurring more than 24 hours apart; 2. one unprovoked (or reflex) seizure and 
a probability of further seizures similar to the general recurrence risk (at least 60%) after two 
unprovoked seizures, occurring over the next 10 years; 3. diagnosis of an epilepsy syndrome” [4].   
 
The defining characteristic of epilepsy are seizures, which are sudden recurrent episodes of 
abnormal electrical activity in the brain [5]. An epileptic seizure has been established as “a 
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transient occurrence of signs and/or symptoms due to abnormal excessive or synchronous neuronal 
activity in the brain” [6]. The ILAE assembled a task force in 2017 to update the classifications of 
seizures and epilepsies. They have classified seizures in the following categories based on their 
onset location: focal, generalized, and unknown or unclassifiable. Focal seizures begin in one area 
of the brain but can generalize and spread to other areas. Focal seizures can be further subdivided 
into “aware” seizures, where the patient is conscious and aware of the event, or “impaired 
awareness”, where the patient’s consciousness has been altered [5,6]. Generalized seizure onsets 
occur when both hemispheres of the brain are excited at the onset of the seizure, and this 
designation is often based on behavior and EEG. An unknown onset seizure describes a seizure 
whose onset is unknown, but the other manifestations of the seizure are known. Finally, 
unclassifiable seizures are those whose onset and manifestations are unknown [4-6].  
 
Anti-epileptic drugs (AEDs) are first line of treatment for epilepsy. AEDs generally affect the ion 
channels or neurotransmitters in neurons in attempts to restore the balance of excitation and 
inhibition within the central nervous system (CNS) [7]. AEDs have four main goals: 1) to eliminate 
seizures or reduce the frequency of seizures, 2) to mitigate the adverse effects associated with long-
term treatment, 3) to help patients restore or maintain their usual lifestyles, and 4) to help patients 
have a normal lifestyle to the highest degree possible [8].  
 
About 30% of those with epilepsy have medically refractory epilepsy (MRE), meaning the 
patient’s seizures cannot be managed with current AEDs [9-11]. Those with MRE are debilitated 
by their disease resulting in severe cognitive, physical, and emotional deficits [12-14]. This results 
in frequent hospitalization, making MRE patients considerable contributors (80%) to the estimated 
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$16 billion dollars spent annually treating epilepsy [12,13,15]. Besides the financial burden 
imposed, this disease inflicts great suffering on not only those with MRE by disrupting their lives, 
impairing their cognitive and psychological growth, and decreasing their quality of life, but also 
to those close to them, in terms of financial and emotional strain. This also burdens the healthcare 
system and society as a whole in the form of direct care costs, direct nonmedical costs, and indirect 
costs from lost productivity from unemployment and premature mortality [3]. With such a 
prevalent and life altering disease, finding a cure or effective treatment option becomes imperative.   
 
1.2 Current treatments for MRE patients 
Current treatment options for those with MRE include surgical resection/ablation or electrical 
stimulation of the seizure onset zone (SOZ) and early spread regions. Both options require the 
precise localization of the SOZ and early spread regions. In some cases, when MRE patients that 
have seizure onset zones (SOZ) and early spread regions that are well-defined, surgical resection 
or electrical stimulation may sufficiently perturb the epileptogenic network to leave the patient 
seizure-free. However, localization of the SOZ and early spread regions is difficult, and thus the 
overall seizure free rates after epilepsy surgery vary widely from 30-70% [16,17]. The lower 
success rates (<50%) are most often seen in patients who undergo invasive EEG monitoring prior 
to epilepsy surgery.  
 
Current SOZ localization techniques fall into two areas: noninvasive passive localization and 
invasive passive localization. Noninvasive passive localization includes PET scans, brain MRIs, 
SPECTs, and scalp EEGs to locate the SOZ. These methods work well in cases when the epilepsy 
is caused due to a lesion or some abnormality revealed in the brain scans. However, for cases 
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where there are no structural lesions, these neuroimaging data do not always provide enough 
conclusive information to sufficiently localize the SOZ. Even high-density scalp EEG data does 
not have the spatial resolution to adequately localize the onset of the seizure, especially when it is 
believed that the seizures may originate from a deep brain structure. 
 
When the noninvasive studies remain non-concordant or inconclusive regarding seizure 
localization, patients then undergo invasive EEG monitoring (see Figure 1.1). A craniotomy is 
performed on those patients in which they implant an electrocorticography (ECoG) grid, or the 
surgeons drill small holes in the skull for stereoelectroencephalography (SEEG) electrodes (both 
will be referred to as iEEG from now on). These patients are hospitalized for 1-2 weeks while 
seizure medications are slowly tapered to capture the patient’s typical seizures. The iEEG 
recordings are then visually inspected by trained clinicians. This is often a tedious and time-
consuming process, involving visual inspection of dozens of EEG signals both before and during 
seizures that occur over several days to weeks. To add to the complexity of visual interpretation, 
there is often variation in seizure onset zones when multiple seizures are captured or simultaneous 
onset of multiple disparate electrodes are seen. Therefore, it is not perhaps surprising that patients 





1.3 Single-Pulse Electrical Stimulation  
After electrode implantation, single pulse electrical stimulation (SPES) is often performed on pairs 
of electrode contacts for the primary purpose of mapping eloquent areas of the cortex and to 
determine the brain’s functional connectivity. There is increasing evidence that cortico-cortical 
evoked potentials (CCEPs), the responses obtained from SPES, can aid in localizing the SOZ in 
iEEG data [18-22]. SPES evokes CCEPs [23,24]), specific waveforms whose properties can be 
used to define directed (effective) connections in the human brain [23,25] The neural mechanisms 
underlying CCEPs are still unknown [23,25] The earliest sensory response is thought to be a 
depolarization in the middle laminae (N1 response), followed by complex patterns of excitatory 
and inhibitory post-synaptic potentials to form the N2 response [25] Though the technique was 
first used to map inter-areal connectivity of the language [24]and motor cortices [26], the technique 
 
Figure 1.1 Clinical workflow for invasive passive localization. Craniotomy is performed and electrodes such as 
ECoG and SEEG are implanted. SPES is often undergone and cortical stimulation is used for functional mapping, 
after which time patients are monitored in the EMU. Clinicians visually inspect EEG signals that have been 
gathered during the days of monitoring and attempt to localize the SOZ. Several weeks later, clinicians perform 
a resection or ablation, which currently holds a 50% success rate. 
 
 
Figure 2.1 Clinical workflow for invasive passive localization. Craniotomy is performed and electrodes such as 
ECoG and SEEG are implanted. SPES is often undergone and cortical stimulation is used for functional mapping, 
after which time patients are monitored in the EMU. Clinicians visually inspect EEG signals that have been 
gathered during the days of monitoring and attempt to localize the SOZ. Several weeks later, clinicians perform 




has been extended to evaluate functional connections of the limbic network [27]., frontal-temporal 
lobe[28], the parietal-frontal lobe[29], the insula [30,31], and deeper brain structures [32,33]. 
Functional and pathological connectivity in epilepsy has begun to be explored with SPES to 
localize the epileptic networks [34]. 
 
SPES has been used as a tool to investigate cortical excitability in epilepsy as well as probing 
seizure networks [34]. Seizure-prone tissue may be heralded by a decreased threshold of 
excitability, as measured by the presence or strength of CCEPs in the stimulating or surrounding 
regions [34]. CCEPs have been shown to differ when stimulated or recorded in the SOZ regions 
as compared to in healthy tissue, and this is hypothesized to be evidence of increased excitability. 
For example, the amplitude of the CCEP response was found to be higher in the SOZ regions when 
compared to outside regions [20,35,36] as well as in early ictal propagation sites [37,38]. “Delayed 
responses”, a second marker of epileptogenicity, are induced by CCEPs and are identified as 
activities that resemble spikes or slow waves. These waveforms occur 100 ms to 1 second after 
the stimulation onset and have been shown to be more likely present in SOZ regions [39-41]. 
Additionally, it was shown that removal of areas that consistently exhibited these delayed 
responses resulted in good outcomes [42-44]. High frequency activity during the CCEP [45,46] 
may have some localizing power, as suppression of high-frequency activity after stimulation was 
shown to correlate with SOZ regions [47]. A standing biomarker of epileptogenic tissue, high 
frequency oscillations (HFOs), were found to colocalize with CCEP responses [48-50], in one 
study as much as 40% of the time [51]. Lastly, graph theoretical properties of the networks 
generated from CCEP response amplitudes revealed that networks are more bi-directionally 
connected in the SOZ than in non-SOZ regions [52-54]. 
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1.4 Thesis Aims 
Effective treatments and a potential cure for MRE patients is dependent upon the precise and 
accurate localization of the epileptogenic regions [55]. Current localization techniques involve the 
visual inspection of hours of iEEG data channel by channel. This visual assessment approach is 
not only a tedious and time-consuming process for clinicians, it also results in poor surgical success 
outcomes. Epilepsy, a network disease, requires analysis techniques that can capture the dynamical 
interactions of brain regions, unlike the current static approaches. We proposed building dynamical 
network models (DNMs) that can characterize the dynamics of the brain network activity and 
provide quantitative metrics which can be used to help clinicians precisely and objectively localize 
the SOZ and epileptogenic regions. Specifically, we have built patient-specific single input 
multioutput (SIMO) transfer function models from SPES data, analyzing several model properties 
to determine performance metrics that are able to reflect the epileptogenic nature of the EEG 
network. This methodology has been accomplished through the following aims: 
Aim 1 Collecting and preprocessing SPES iEEG data: CCEPs data was gathered from 22 MRE 
patients treated at the Johns Hopkins Hospital who underwent SPES. The preprocessing of the data 
included removal of stimulation artifacts and channels deemed to be noisy and/or nonresponsive. 
We computed the average evoked response (ERP) from the stimulation trials for all contacts for 
each pair of stimulation electrodes.  
Aim 2 Creating dynamical network models to reconstruct CCEPs: We constructed patient-specific 
single-input, multioutput (SIMO) transfer function models from CCEP recordings. First, linear 
time invariant state space models were estimated for the average evoked responses for all EEG 
channels. From these state space models, we then constructed SIMO transfer function models and 
demonstrated their ability to accurately reconstruct the average CCEPs for each patient dataset.  
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Aim 3 Correlating properties of transfer function models to the seizure onset zone: We investigated 
several properties of our SIMO transfer function models such as the system gain (e.g. the 𝓗∞ 
norm), the peak frequency at which this gain is achieved, the frequency response of the system, 
and the cut-off frequency at which the system’s magnitude drops the fastest. We hypothesized that 
the electrode pairs in the SOZ and early spread regions would produce some of the largest system 
gains and have the biggest roll off in magnitude compared to their non-SOZ counterparts. This 
allowed us to define a performance metric we called the peak-to-floor (PF) ratio, which can 















2.1 Current CCEP Analysis Techniques 
Current computational approaches to analyzing seizure networks from CCEPs often compute 
iEEG features on individual channels, such as the N1 peak amplitudes and signal latencies [20-22, 
56], or they compute static pairwise correlations, organize these correlations into adjacency 
matrices, and derive graph-theoretic measures [57,58].   
CCEP responses usually consist of an early negative potential, called N1, and a late negative 
potential, called N2. The N1 peak occurs 10-30ms after onset of stimulation and the N2 peak 
occurs 80-250ms after stimulus onset [24,25]. Given the structure of CCEP responses, numerous 
features of the response have been studied in relation to the epileptogenic region. CCEP analysis 
has included the correlation between amplitude differences in CCEPs, morphological differences, 
and signal latencies between evoked sites and regions believed to be part of the epileptogenic 
network [20-22]. Several studies have shown a correlation between the N1 peak response site and 
stimulation site suggesting direct cortical connections. The amplitude of the N1 response has also 
been shown to be significantly different within the SOZ when compared to outside the SOZ [20,35-
38]. It is believed then that the N1 response of CCEPs reflect the structural and functional 
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connections between cortical regions. Therefore, most current analysis of CCEP involves 
techniques evaluating the N1 response. The standard practice for determining the N1 response 
peak is through visual identification [20-22,56].  
More recent approaches to analyzing CCEPs utilize a graph theoretic approach, investigating static 
metrics such as correlation across pairs of electrode responses [54,57,58]. Most often, adjacency 
matrices are built and different centrality measures are investigated, such as in-degree, out-degree, 
and katz centrality. To characterize the network topography of the epileptic brain, graph theorical 
analysis defines electrodes pairs and brain regions as nodes of the network with the effective CCEP 
amplitudes defining the edges [59-61]. Effective CCEP amplitudes are based on the weighted 
connectivity from the stimulating site to the recording site and considered effective if the CCEP 
amplitude exceeded a predefined threshold, ranging from significant z-scores to six times the 
standard deviation of the response [61]. The graphs are based on pair-wise interactions that aim to 
describe the global and local characteristics of the network. Such  
2.1.1 Current Limitations 
Many of these standard analysis techniques of CCEPs take an individualized channel approach 
either through visual inspection of the responses, or through measuring amplitude and 
morphological differences across responses. These approaches are limited in their ability to capture 
the underlying network dynamics of the disease. Computing iEEG features such as N1 peak 
amplitudes forgoes the network aspect of epilepsy by inspecting individual channels connection 
to the stimulation instead of its connections to all electrodes simultaneously. This current approach 
is also very time- and resource heavy, relying on hours of iEEG data to be visually interpreted by 
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expertly trained clinicians. This also contributes to the high levels of subjectivity in using the N1 
amplitude as a metric.  
While graph theoretic approaches can compute summary statistics of interest such as nodal 
centralities and network hubs, such measures are not based on well formulated hypotheses of the 
role of the SOZ in the iEEG network. Additionally, many different networks (adjacency matrices) 
can have identical summary statistics, providing no discriminatory power in localizing SOZ 
regions. The interpretations of such measures are thus ambiguous and can miss critical system 
properties, resulting in inaccurate and incomplete localizations of the SOZ. In contrast, dynamical 
network models can reveal the epileptic network connections and the underlying dynamics of 
seizure generation.  
2.2 Dynamical Network Models 
Dynamical systems are complex systems involving the interplay of time and space, whose 
behavior can be described with mathematical functions such as differential equations and 
difference equations. Dynamical network models (DNMs) are the mathematical models that 
describe the behavior and the connection of these complex systems. The rich theory and power of 
DNMs make them ideal candidates for modeling and analyzing many complex systems in our 
natural world, such as EEG data. The number of DNMs available are vast, from linear to nonlinear, 
continuous to discrete, and time domain to frequency domain. Each model provides its own 
advantages for different applications.  
Work done by A. Li et al [77,78] showed that an epileptic brain can be modeled as a network that 
is on the verge of instability, where a small perturbation can result in the manifestation of a seizure. 
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There are nodes within this network that are potentially more “fragile” than others, corresponding 
to the brain regions associated with the onset of the seizure. The fragility of these network nodes 
makes them susceptible to small perturbations, evoking a significant response or disturbance in 
the network, possibly initiating a seizure. We hypothesized that these “fragile” nodes should 
produce large responses, responses larger than the other nodes within the network. It is also known 
that seizure spread is specified by impaired excitation and inhibition balance, suggesting that large 
responses may be a potential biomarker of this imbalance [80-83].  Therefore, we believed that the 
class of linear input-output models, specifically transfer functions, could best capture the dynamics 
of the epileptic brain network, and provide quantitative metrics which could be used by clinicians 
to help delineate the epileptogenic regions during localization.  
2.2.1 Transfer Function Models 
Transfer functions are mathematical functions that model a system’s output for possible inputs. 
When viewed in the frequency domain, transfer functions describe a system’s output as a function 
of the frequency of the input applied. For linear time-invariant (LTI) systems, a transfer functions 
can characterize the entire system by just one input, such as a step or impulse response. Though 
most “real” systems have non-linear input-output characteristics, when confined to certain 
parameters or time windows, they can exhibit LTI behavior, allowing us to use these transfer 
function representations [63,64].  
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we end up with  
 𝑠𝑛 + 𝑎1𝑠
𝑛−1 + ⋯ + 𝑎𝑛 = 𝑏0𝑠
𝑚 + 𝑏1𝑠
𝑚−1 + ⋯ 𝑏 + 𝑢    (2.3) 
The differential equation can be completely described by the following two polynomials 
𝑎(𝑠) = 𝑠𝑛 + 𝑎1𝑠




𝑚−1 + ⋯ 𝑏𝑚−1𝑠 + 𝑏𝑚 
where a(s) is the characteristic polynomial of the system [60, 61].  
The transfer function is then the rational function  
                                       𝐻(𝑠) =
𝑏(𝑠)
𝑎(𝑠)
     (2.5) 
where the polynomials a(s) and b(s) are given by (2.4). The above describes a single-input, single-
output (SISO) transfer function. This same idea can be generalized to multi-input, multi-output 
(MIMO) systems, which is a matrix of rational functions that relates the outputs to the inputs, and 
single-input, multi-output (SIMO) systems, which is a vector of rational functions, relating the 
outputs to one input [62,63].  
2.2.1.1 Properties 
One of the many advantages of using transfer functions is the rich theory, literature, and properties 
that come with it given their importance in linear systems and control theory. As mentioned earlier, 
transfer functions can characterize a system’s output as a function of the frequency of the input 
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applied. Formally, this can be defined as evaluating the transfer function H(s) in (2.5) at the 
complex frequency 𝑗𝜔,  
       𝐻(𝑠)|𝑠=𝑗𝜔 = 𝐻(𝑗𝜔) = |𝐻(𝑗𝜔)|𝑒
<𝐻(𝑗𝜔)                        (2.6) 
We refer to (2.6) as the frequency response of the system, where |𝐻(𝑗𝜔)| is the amplitude 
response, < 𝐻(𝑗𝜔) is the phase response, 𝜔 is the frequency, and 𝑗 denotes the imaginary number 
[62,63]. The frequency response can be visualized through a bode plot, which plots the magnitude 
of the frequency response over the range of frequencies, 𝜔 (Figure 2.1).  
 
Figure 2.1. Bode plot example of SISO system. Top plot is the magnitude of the system plotted over all frequencies 




From the frequency response we can determine things such as the peak magnitude or maximum 
response of the system at a particular frequency, the smallest response at a particular frequency, 




















3.1 Experimental Protocol with SPES 
3.1.1 Patients 
Our patient database consisted of retrospective datasets of 22 MRE patients who underwent iEEG 
monitoring and SPES for the localization of seizures at Johns Hopkins Hospital (JHH) Epilepsy 
Monitoring Unit (EMU). Patient consent had been obtained as part of the Studies of Patients with 
Implanted Electrodes (IRB 000444461). Patients underwent invasive-passive monitoring for an 
average of 8 days, while medications were tapered off for the observation of seizures. At least two 
board certified epileptologists reviewed the patient iEEG data, identifying electrodes involved in 
regions of seizure onset (SOZ), early spread (EP), and irritative (IZ) zones. Seizure onset was 
defined as the first consistent presence of rhythmic spikes, rhythmic sharp waves, regular or low 
amplitude activity in the beta range, or recruiting gamma activity that was either prior or coinciding 
with the clinical manifestation of the seizure. The early spread regions were defined as those areas 
to which the seizure activity spread before secondary generalization occurred [65].  
Patients were classified as having successful surgical outcomes if they experienced seizure 
freedom one-year after surgery (Engel class 1) and a failed outcome if they have seizure recurrence 
(Engel classes 2-4)[63] (Table 1, Supplementary). Thirteen of the 22 patient have had surgery and 
evaluated for surgical outcome. Due to the lack of outcome data in the remaining nine patients, we 
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categorized all patients by a custom “clinical complexity (CC)” score (Figure 3.1) [56,67]. These 
categories were developed in light of previous outcome studies that showed that patients with 
visible lesions on MRI (lesional) have higher surgical success rates (approximately 70%), while 
non-lesional, extratemporal, and multifocal epilepsies have much lower success rates [68-70] 
(Figure 3.1). Table 1 summarizes the main clinical information for all patients, including 
pathology, seizure type, and MRI SOZ onset.  
 
 
Figure 3.1 Pictorial representation of clinical complexity. CCLow was defined as cases that were lesional, only one 
seizure focus, or solely confined to the temporal lobe. CCHigh was defined as cases of multi-focal epilepsy, a seizure 
focus outside the temporal lobe, and/or no lesions on imaging. 
 
3.1.2 Single-Pulse Electrical Stimulation  
SPES was conducted in a bipolar fashion on adjacent electrode pairs in the clinically annotated the 
SOZ and early spread regions as well some outside of the SOZ. A monophasic, alternating polarity, 
0.3ms width square wave pulse at a fixed frequency of 0.5Hz was delivered to all the electrode 
pairs an average of 50 times using a Blackrock acquisition system at a sampling rate of 1KHz and 
at times 2KHz [71]. Current intensity was titrated until there were manifestations of local/distant 
evoked response potentials (ERPs), discharges/seizures, or a maximum intensity of 12mA was 
reached. A 5mA stimulus intensity was most often used. Responses were recorded from all 
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channels during the 50 trials. The data was digitized and stored in an IRB-approved database 
compliant with the Health Insurance Portability and Accountability Act regulations. Data was then 
preprocessed as .dat files for analysis in MatLab [72]. The research protocol was approved by the 
Institutional Review Board and informed consent was obtained from all participants.   
 
3.2 Building LTI Models 
3.2.1 iEEG Preprocessing 
Stereotyped responses were captured from all channels during the 50 trials. From these responses 
the average evoked CCEP was computed for every contact in 2 second epochs. We included 500ms 
of data before stimulus onset and 1500ms post stimulus onset. We calculated the distribution of 
the 50 time series responses for each 2 second window and marked channels as artifactual if the 
median standard deviation of the sample distributions was greater than 1000 𝜇𝑉. Artifactual 
 
Figure 3.2: Examples of responsive and nonresponsive waveforms from patient iEEG data. (A) Responsive CCEPs 
were defined as an absolute value of the post-stimulus amplitude greater than 100 𝜇V from the baseline. The N1 and 
N2 peak are labeled. (B) Nonresponsive CCEP that does not meet the 100 𝜇V post-stimulus amplitude threshold. The 
black line indicates the average evoked response, the purple boundaries denote one standard deviation, and the red 
vertical dotted line indicates the stimulation onset. 
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channels were then zeroed out in the dataset. Next, artifacts due to electrical stimulation were 
removed by linearly interpolating the data 2ms before and 8ms after stimulus onset. 
We classified channels as responsive and non-responsive if the absolute value of the maximum 
post-stimulus amplitude was greater than 100𝜇𝑉 (Figure 3.2). Non-responsive channels were 
removed from the dataset before model construction [73,74].  
3.2.2 LTI State Space Model Construction 
Stable, discrete linear time invariant (LTI) state space models were constructed of the following 
form for each stimulating contact pair: 
      𝒙(𝑡 + 1) = 𝑨𝒙(𝑡) + 𝑩𝑢(𝑡)            (3.1) 
where 𝒙(𝑡) ∈ ℝ𝑁×1 is the state vector, 𝑨 ∈ ℝ𝑁×𝑁 is the state transition matrix, 𝑢(𝑡) ∈ ℝ is the input 
stimulation pulse, and  𝑩 ∈ ℝ 𝑁×1 is the input matrix, with 𝑁 representing the total number of 
contacts for each dataset.  𝑨 and 𝑩 were calculated via least-squares estimation as described in 
[75], where the state vector was comprised of the responsive iEEG signals (Figure 3.3). The models 
were stimulated with input signal 𝑢(𝑡) = 0 or 1, where the first nonzero element corresponded to 
the iEEG stimulation onset, with a pulse duration of two milliseconds. The stimulation pair 
electrodes were not included in the models as state variables and were instead characterized as 
providing the exogenous input 𝑢(𝑡) [73,74]. Next, to improve our model fits, we established a 
scaling factor, 𝛼,  based on the range of data 𝒙(𝒕) in relation to the range of the model 




   (3.2) 
We then scaled our 𝑨 and 𝑩 by this factor, giving us the following: 
?̅?(𝑡 + 1) = ?̅?𝒙(𝑡) + ?̅?𝒖(𝑡)    (3.3) 
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where ?̅? =  𝛼𝑨 and ?̅? =  𝛼𝑩. One thing to note is that though the above state space model equation 
is written in continuous time, for implementation purposes, our models were in discrete time with 
an average sampling rate of 1kHz.  
 
3.2.3 Transfer Function Model Construction 
Multivariate transfer functions were constructed for each stimulating electrode pair within each 
subject to estimate the behavior of the CCEPs. To construct our transfer function models we then 
calculated single-input, multi-output (SIMO) transfer function models for each stimulation pair 
and contact 𝑢(𝑡) to 𝒙(𝑡) via the formula   
𝑯(𝑧) = (𝑧𝐼 − ?̅?)−1?̅?        (3.4) 
which is derived by taking the z-transform of (3.3). These transfer function models represent the 




Figure 3.3: Pipeline to obtain ratio from system gain 𝐻∞ to cut-off gain from individual patients’ SPES iEEG 
data. Starting from top left, a brain region is stimulated. Then a stereotyped response is extracted for each 
electrode, from which the average evoked CCEP is calculated. The CCEPs are used to construct a state-space 
model. From the state space model, a SIMO transfer function vector is constructed via 𝑯(𝑧) = 𝑪(𝑧𝐼 − 𝑨)−1𝑩. 
Then the system gain is calculated for every stimulation pair through ‖𝑯‖∞ =   𝑠𝑢𝑝
𝜔𝜖ℝ
𝜎𝑚𝑎𝑥 (𝑯(𝑗𝜔)) and the 
maximum system gain and its associated frequency response is computed resulting in the network response system 
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3.3 Investigating Model Properties 
3.3.1 System Gain  
We investigated whether properties of SIMO transfer function models correlated to the clinically 
annotated epileptogenic network. We first explored the system gain. Consistent with the theory of 
“fragility” in epileptic brain networks, [77,78], we hypothesized that  perturbing unstable nodes in 
the network, i.e. epileptogenic regions, should produce the largest network responses and result in 
the largest system gains, quantified by the ℋ∞ norm. 




−𝑗𝜔))  (3.5) 
where 𝑠𝑢𝑝
𝜔𝜖ℝ
 denotes the supremum or least upper bound over all real frequencies 𝜔 and 𝜎𝑚𝑎𝑥 
denotes the maximum singular value of the vector 𝑯𝒊.We hypothesized that those electrode pairs 
with the highest 𝓗∞ norm would correspond to the electrode pairs in the clinically annotated SOZ, 
particularly for patients of low clinical complexity [ 76].  
3.3.2 Cutoff Frequency  
Though preliminary results showed correlations between large system gains and epileptogenic 
regions, other properties associated with the system gain still needed to be explored, to potentially 
provide multiple features that can delineate the SOZ and early spread regions. Other parameters 
examined were the frequency at which the maximal gain was achieved and the cut-off frequency 
at which the magnitude response began to drop off rapidly. For every system gain we calculated 
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there is a frequency at which the magnitude of the frequency response begins to drop off, known 
as the cutoff frequency, 𝜔𝑐.  The cutoff frequency denotes the boundary of where the energy 
flowing through the system begins to reduce. To determine 𝜔𝑐, we first calculated the DC gain, 
which is the magnitude of the system at steady-state, i.e. ‖𝑯𝒊(𝑒
−𝑖0)‖
2
= ‖𝑯𝒊(1)‖2.  Then we 
determined the frequency at which the magnitude response is 3dB below the DC gain. The 3dB 
drop is a fundamental concept in circuit theory and known as the “half-power point” [76]. At the 
half-power point the frequency response drops from its maximum output and continues to do so at 
a fixed rate [76]. We conjectured that around this value is when the system has the fastest decline. 
We then computed the magnitude of the frequency response of the system at this cutoff frequency 




 =  (∑|ℎ𝑖|
2)
1
2   (3.6) 
We conjectured that these large system gains, which are in response to small perturbations, would 
be associated with a fast roll off in magnitude, which could be captured by a small response at the 
cutoff frequency, implying that electrode pairs in the clinically annotated SOZ would have some 
of the smallest drop off norms when compared to non-SOZ regions [76 ].  
 
3.3.3 Peak-to-Floor Gain Ratio 
Given these two parameters of system gain and its associated input direction, we proposed a 
performance metric which can capture the large system responses and its coupled input norm 
through a ratio of the system gain to the input norm. We hypothesized that epileptogenic regions 
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when stimulated should result in a high ratio of gain to input norm. We have called this metric the 
peak-to-floor (PF) gain ratio, and it is defined as follows: 




     (3.7)  
where 𝑖 represents every stimulation electrode pair, 𝜔∗ is the peak frequency at which the 
maximum system gain was attained, and 𝜔𝑐 is the cutoff frequency at which the 3dB drop in 




Figure 3.4 Pictorial representation of the PF ratio and its calculation. Representative bode plot of two transfer function 
models, where red denotes a clinically annotated SOZ dataset and blue denotes a dataset stimulated that is not part of 
the epileptogenic region, with their labeled peak and cutoff frequencies, 𝜔∗ and 𝜔𝑐, respectively. The floor/cutoff 
frequency is defined as the frequency for which the magnitude is 3dB less than the gain at frequency 0, 𝜔 = 0 (DC 






3.4 Correlating PF Ratio to Epileptogenic Regions 
Once the PF ratio was computed, we measured the agreement between our models and the clinical 
annotations through a confidence statistic (CS). We defined the CS to be the ratio of the mean of 
the PF ratio of those stimulation pairs in the clinically annotated SOZ and EP to the mean of the 
PF ratio of all other stimulation pairs  







   (3.8) 
where 𝑚 is the number of stimulation pairs in the SOZ and EP regions, 𝑛 is the total number of 
stimulation pairs, and other is all the stimulation pairs not in the SOZ or EP. We expected the 
highest system ratios of patients with a lower clinical complexity score (CCLow) to closely match 
the clinical annotations, resulting in a higher confidence statistic. On the other hand, patients with 
a higher clinical complexity score (CCHigh) may show more disagreement between the model 
results and the clinical notations, resulting in a lower and more variable confidence statistic.  
 
3.5 Correlating CCEPs Amplitude to Epileptogenic Regions 
In the current SPES literature, there are numerous methods for CCEP analysis. The most common 
practice is visual inspection of the peak response amplitude, more precisely, the N1 response 
(Figure 3.2A). The N1 responses are early sharp negative responses occurring anywhere from 10-
30ms post stimulation and are believed to reflect the direct structural connections (Figure 3.2) [25]. 
For our study, to be able to compare the N1 response with our system ratio, we calculated the N1 
peak for all evoked potentials. This was done after the preprocessing of our data in which we 
looked at a window 10 ms to 30 ms after the onset of stimulation. Within that time frame, the 
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maximum absolute peak amplitude was calculated, which we called the N1 peak, for all output 



















4.1 Transfer Function Models Reconstruct CCEPs 
We first assessed whether the SIMO transfer function models were able to accurately reconstruct 
CCEPs by calculating the percentage of data points that lied within the 95% confidence interval 
of the mean from the 50 stimulation trials. This resulted in an average concordance of 92.96% 
 
Figure 4.1: Model fits of 4 representative responsive channels from patient data showing SIMO transfer function 
models capture CCEP responses in recording electrodes. Black lines are the average the evoked responses, blue 






indicating that our models were able to accurately reconstruct the mean waveforms of our data, 
capturing the input-output behavior of CCEPs under SPES (Figure 4.1).   
4.2 Higher System PF Ratios in the Seizure Onset Zone for 
Low Clinical Complexity Cases 
In cases of low clinical complexity, our expectation was that our models would agree with the 
clinical annotations, and in cases of high clinical complexity there would be high variability of 
agreement between our model statistics and clinical annotations. We further hypothesized that   
successful surgical outcomes would show high agreement regardless of clinical complexity.  
Patient 13 is an example of a low clinical complexity case (CCLow) and Patient 14 is an example 
of a high clinical complexity case (CCHigh) (Figure 4.2). These two cases showed alignment with 
our hypothesis in the low clinical complexity cases, our PF ratios were the highest in the areas of 
the clinical annotated SOZ as well as early spread regions resulting in a higher confidence statistic, 
while in the higher complexity case, the highest  PF ratios were not  in areas deemed to be part of 
the epileptogenic network.  
In Patient 13, the largest ratios were associated with stimulation pairs that were in the SOZ (Figure 
4.2A). Further, most other contact pairs in the EP and IZ (orange and yellow, respectively) also 
yielded high ratios, while the two electrodes pairs believed to not be part of the epileptic network 
(grey) had the smallest ratios. The high degree of agreement between our model gains and the 
clinical annotations resulted in a CS of 1.0349. 
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In Patient 14, the largest PF ratios  were in areas outside of the clinical annotations (Figure 4.2B), 
where the average  PF ratio of 27.550 for the SOZ and EP electrodes and an average PF ratio of 





Figure 4.2 Bar plot of the peak-to-floor gain ratio, where red indicates electrode pairs in the clinically annotated 
seizure onset zone (SOZ), orange indicates early spread (EP), and grey represents all others. To the right of the 
bar graphs are the electrode implantation maps for each patient with the clinical annotated SOZ denoted in red. 
(A) PF ratio of representative “model success” Patient 13 dataset; high system ratio values closely correspond 
with SOZ and EP regions. (B) PF ratios of representative “model disagreement” Patient 14A dataset; SOZ and 







4.3 Faster Magnitude Roll-Offs in Successful Patient 
Outcomes 
In successful surgical outcomes, where clinicians were able to accurately localize the SOZ, we 
anticipated frequency response plots similar to the ones in Figure 3.4, where the SOZ stimulated 
dataset would have a high peak gain and a quick roll-off in magnitude compared to the non-SOZ 
stimulated datasets. The mean frequency response plot of the SOZ and EP stimulated datasets of 
Patient 18, a surgical success, had a high peak gain and a big roll-off compared to the non-EZ 
stimulated datasets (Figure 4.3A). In the failed surgical outcome case of Patient 3 (Figure 4.3B), 
the SOZ stimulated dataset not only had a very small peak gain, but a rather slow roll-off as well. 
However, the non-SOZ stimulated datasets had overall the highest peak gains and incredibly fast 
roll-offs, suggesting that these datasets may be part of the epileptogenic region.  
 
Figure 4.3 Representative frequency response plots of a successful and failed surgical outcome where red denotes 
epileptogenic zone (EZ) stimulated datasets, grey denotes non-EZ stimulated datasets, black is the mean frequency 
response, and the shaded regions denote ±2 standard error. (A) Frequency response plot of the EZ stimulated 
datasets vs the non-EZ stimulated datasets for successful surgical outcome Patient 18. The EZ stimulated datasets 
show a larger peak gain and a bigger roll off than the non-EZ counterparts. (B) Frequency response plot of the EZ 







4.4 Correlating Surgical Outcomes to PF Ratios 
We have summarized our findings for all 22 patients with three different scatter plots (Figure 4.4). 
The first plot displays the confidence statistic for all patients classified in terms of their clinical 
complexity, confidence statistic, and surgical outcome if available (Figure 4.4A). The second plot 
displays the confidence statistic for only those patients with surgical outcome classified in terms 
of their confidence statistic and either surgical failure or success (Figure 4.4C). Finally, the last 
scatter plot again displays the confidence statistic for patients with surgical outcome but has now 
separated outcomes in terms of the Engel Score (Figure 4.4E). The dotted line indicates the degree 
of agreement boundary, where CS values above the line indicate patients whose highest PF ratios 
agreed most with the clinically annotated SOZ and EP regions, and thereby implying a greater 
chance of surgical success, while those CS values below the line indicate patients whose highest 
PF ratios varied most with clinical annotations, and potentially imply a greater chance of surgical 
failure. This degree of agreement boundary was chosen as such based on our hypothesis that higher 
PF ratios would be in the SOZ and EP stimulated compared to those contacts not in the 
epileptogenic regions. Therefore, if clinicians were able to localize the SOZ and EP regions, then 
we would expect to have high PF ratios in these contacts resulting in a confidence statistic that 
was greater than one. However, if clinical annotations were not correct, then we would anticipate 
our model would have low PF ratios in those regions and higher PF ratios in other regions that the 
clinicians were unable to localize visually resulting in a confidence statistic less than one.  
We tested whether the transfer function models were able to not only localize the SOZ, but also 
anticipate the surgical outcome for seizure freedom. Overall, in the MRE patients who underwent 
resective surgery and had a successful outcome (ES I  and ES II), indicating the clinicians were 
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able to successfully localize the SOZ, our models had the highest PF ratios in the clinically 
annotated SOZ and therefore a high confidence statistic (CS > 1), irrespective of the clinical 
complexity (Figure 4.4A). In the surgical resection cases that resulted in poor seizure outcomes 
(ES III and ES IV), suggesting the clinicians were unable to precisely and accurately localize the 
SOZ, our models exhibited low PF ratios in the clinically annotated SOZ and larger PF ratio values 
in areas that were not part of the clinically annotated SOZ (CS < 1) (Figure 4.4A). Thus, we 
conjecture that in patients that have undergone surgical resection/ablation, a high concordance 
between our models and clinical annotations would suggest seizure freedom, while large variations 





Figure 4.4 Peak-to-floor gain ratio confidence statistic reflects surgical outcome. Green circles denote those 
patients with successful surgical outcomes, red denotes those with failed surgical outcomes, and black denotes 
datasets that currently have no surgical outcome. The blue dotted line denotes the boundary for the degree of 
agreement between clinical annotations and the performance metrics. Diamond shape indicates RNS patients and 
open circle indicates outlier Patient 5. (A) The confidence statistic plot for PF ratio. CCLow patients often have 
CS>1, and surgical success nearly always have CS values greater than 1. (B) The confidence statistic plot for N1 
peak. Less distinction is provided between groups according to the N1 amplitude as compared to system gain. 
(C,D) Confidence statistic plot for surgical patients categorized by surgical outcomes for (C) PF ratio (D) and N1 








To test how robust our confidence statistic was in predicting surgical outcomes, we did a cross-
validation test. Given our limited surgical outcome sample size of 13, we performed a leave-
one-out cross validation scheme. We systematically removed one patient each iteration and fit 
a logistic regression model on the remaining 12 patients. Specifically, for 𝑝𝑖 =




) = 𝛽0 + 𝛽1(𝐶𝑆𝑖)          𝑖 = 1,2, … ,13. (4.1) 
From the model, we computed an ROC by classifying the patients in the training set at various 
thresholds. We found the optimal threshold for each partition and applied this threshold to the 
test patient left out. Specifically, we determined the ?̂? for each patient that was left out, 
computed the outcome, and added it to the confusion matrix, resulting in the final confusion 
matrix shown in Figure 4.5C. From the final confusion matrix accuracy = 0.6923, sensitivity 
= 0, and specificity = 0.6923 and with a mean AUC of 0.8056± 0.0480 (Figure 4.5).  
Standard practice when assessing computational algorithms for the localization of the SOZ is 
to use clinical annotations of the epileptogenic regions. However, in an effort to investigate the 
ability to build a blind biomarker metric, we assessed the correlation between features of the 
PF ratio and clinical complexity of patients. Specifically, for each dataset, we looked at the 
following features: mean PF ratio, variance of the PF ratio, the maximum PF ratio over the 
minimum PF ratio, and a combination of any of the two. For this validation scheme we now 
used all 22 patients as our observations, which allowed us to use a 5-fold validation test, with 
a 20% test and 80% training set. We partitioned our dataset into 5 test and validation sets, 
where for each test set we left out 4 patients, making sure the same patient was not left out 
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multiple times. We then fit a logistic regression model as defined above in equation 4.1 to our 
training sets, determined the outcomes for the validation sets and populated a confusion matrix. 
We found that the combination of the features of mean PF ratio and the max PF ratio/min PF 
ratios, which resulted in a mean  AUC of 0.6071± 0.807 and the feature of PF variance, which 
had a mean AUC of 0.6381± 0.450 may potentially correlate with the clinical complexity of a 
patient. This could then possibly predict surgical outcomes without knowledge of clinical 
annotations a priori (Figure 4.6 and Figure 4.7). For the two features of mean PF ratio and max 
PF ratio/min PF ratio, we found an accuracy = 0.25, sensitivity= 0.25, and specificity = 0.  For 
the feature of the variance of PF we found accuracy = 0.30, sensitivity = 0.2632, and specificity 
= 1.0. 
However, the caveat is that in both cross-validation schemes, the limitation lies in that not 
every implanted contact was stimulated during SPES. A subset of the implanted electrodes, 
chosen by the clinical team, were stimulated, and this subset may have included any 
combination of clinically annotated SOZ contacts, EP, and potentially some outside the 
epileptogenic region. We also recognize that clinical complexity is not a definitive measure of 
surgical outcome, as can be seen in even in our small cohort that though a patient may be of 
high clinical complexity, the clinical localization may be correct, resulting in surgical success. 
These all indicate the very many nuances and difficulties involved in the localization of the 





Figure 4.5 1-fold cross validation for surgical outcomes with feature of confidence statistic. (A) ROC curves overlaid from all 
logistic regression models in the 1-fold validation scheme. Mean AUC was 0.8056. (B) Box plots of model statistics, including 




Figure 4.6 5-fold cross validation for clinical complexity with the features of mean PF ratio and max PF ratio/min PF ratio. (A) 
ROC curves overlaid from all logistic regression models in the 5-fold validation scheme. Mean AUC was 0.6071. (B) Box plots of 
model statistics, including beta coefficients, p-values, and AUCs. (C) Final populated confusion from validation scheme, indicating 




Figure 4.7 5-fold cross validation for clinical complexity with parameter feature variance of PF ratio. (A) ROC curves overlaid 
from all logistic regression models in the 1-fold validation scheme. Mean AUC was 0.6381. (B) Box plots of model statistics, 




4.6 PF Ratios versus N1 Peaks  
To determine the efficacy of our system metric over the current CCEP analysis through visual 
inspection of the N1 amplitude, we analyzed the correlation between PF ratio and peak amplitude 
as well as the confidence statistic for N1. The confidence statistic for N1 demonstrated slightly 
poorer performance in the classification of surgical outcomes than the PF ratio (Figure 4.4B). In 
the CCLow cases, one of the datasets (Patient 4) which has a successful surgical outcome has a 
CS < 1, while in the CCHigh case Patient 2, which had an unsuccessful surgical result, has a CS > 
1 (Figure 4.4B). Additionally, the Pearson correlation between PF ratios and N1 peak amplitude 
for all datasets averaged 0.1515±0.1676, indicating little correspondence between the metrics, 
 
























Chapter 5  
Discussion 
Patient specific dynamical network models were built from SPES data and analyzed for a 
population of medically refractory epilepsy patients that were admitted to the Johns Hopkins 
Hospital. These patients were admitted for the localization of their seizure network for the 
possibility of seizure freedom via surgical resection. As epileptic seizures are believed to result 
from a pathologically connected brain network with epileptic foci [77], we conjectured that the 
analysis of intracranial EEG data in response to stimulation in the context of dynamic networks 
would provide an advantage to current localization techniques that are based on passive iEEG. 
SPES provides an opportunity to actively perturb the brain, and then capture and analyze the rich 
dynamics of the iEEG network to localize the SOZ.  
5.1 Hypothesis 
We hypothesized that dynamical network models (DNMs), specifically transfer function models, 
can characterize the dynamics of brain network activity and provide quantitative metrics that can 
be used to help precisely and accurately localize the SOZ. We investigated properties of the 
transfer functions that reflected the epileptogenic nature of the EEG network. Specifically, we 
hypothesized that the peak system gain as defined by the 𝐻∞ norm of the transfer function, a notion 
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that describes the amplification and spread of the CCEPs in the network, in conjunction with the 
cutoff frequency correlating to a sudden drop in magnitude, may reveal SOZ and early spread 
regions. We believe our approach will identify SOZ and early spread regions with greater accuracy 
than current visual and static assessment approaches alone, thereby improving surgical outcomes. 
5.2 PF Ratios Correlate to Clinical Annotations 
We hypothesized that the areas involved in the epileptogenic region, such as SOZ and EP, when 
stimulated, would produce the largest system gains and the biggest response drop-offs as compared 
to areas not involved in the epileptogenic network. We further conjectured that for those patients 
whose epilepsy was due to a lesion, had a focal onset, or originated solely in the temporal region 
(CCLow), the clinicians would be able to identify the SOZ accurately and completely. This would 
suggest that, in our models, those electrode pairs in the clinically annotated SOZ and EP, should 
have large peak gain values and small floor gain values, when compared to other electrode pairs. 
Therefore, we expected to see a higher degree of agreement between our PF ratios and the clinical 
annotations, resulting in a confidence statistic greater than or equal to 1. However, for those 
patients whose epilepsy was nonlesional, multifocal, and extratemporal, (CCHigh), we speculated 
that the clinicians had a more difficult time precisely locating the SOZ and early spread regions. 
Thus, we expected in these cases for our model ratios to have more variations and potential 
disagreements with the clinical annotations (highly variable CS), possibly highlighting areas that 
may have been overlooked or that could not be captured with the current localization methods. 
Our models may also be able to predict which patients will have surgical success and which will 
fail, depending on the level of disagreement between the model and the clinical annotations. A 
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larger discordance would indicate a more complex case and the increased likelihood of a failed 
outcome. 
We explored the relationship between the ratio of the peak to floor gain of our transfer function 
models to regions of epileptogenic interest. Overall, we found that the patient cases classified of 
lower clinical complexity tended to have the highest ratio of system gains in the electrodes 
clinically marked as SOZ. If not in the SOZ, often the other higher ratio electrode pairs belonged 
to locations that were of interest, such as the EP. For example, Patient 13 had been classified as 
CCLow because the patient presented with a focal encephalomalacia of the inferior temporal lobe. 
This lesion, in conjunction with the patient’s seizure semiology and iEEG recordings made the 
localization of the SOZ and early spread regions more straightforward for the clinicians.  
On the other hand, as the clinical complexity increased, the discrepancies between the model PF 
ratios and the clinically annotated SOZs also increased. In Patient 14, the electrode pairs in the 
clinically annotated SOZ and EP yielded some of the smallest PF ratio values (Figure 4.2B). 
However, this patient has been admitted to the JHH EMU on two separate occasions for 
localization of seizure onset. During both stays, the clinicians were unable to localize the SOZ, 
requiring a third visit with the implantation of a grid. The inability to localize this patient’s seizures 
implies that though there is disagreement between the clinical annotations and the PF ratios, our 
model may be identifying regions of interest that the clinicians were unable to identify through 




5.3 Large Magnitude Drop Offs Correlate to Epileptogenic 
Regions 
Studying the mean frequency responses of our systems, we explored properties that may indicate 
the epileptogenic zone. We observed that the frequency responses of the SOZ stimulated datasets 
in successful surgical outcomes, had not only some of the largest system gains, but also some of 
the quickest and biggest magnitude drops, especially when compared to their non-SOZ 
counterparts (Figure 4.3A). This difference became even more striking when comparing the mean 
SOZ stimulated datasets vs the mean non-SOZ stimulated datasets for a failed surgical outcome 
case. In this instance, the clinically annotated SOZ stimulated datasets had some of the smallest 
peak gains and some of the slower, smaller magnitude drop offs, while the non-SOZ stimulated 
datasets had a very peak gains and steep drop offs (Figure 4.3B). This indicates that the frequency 
response can capture the interactions and dynamics of the system and provide markers for the SOZ, 
but also potentially indicate frequencies at which seizures may be generated.  
5.4 PF Ratios Reflect Surgical Outcomes  
A true test for SOZ localization algorithms is in their ability to predict surgical outcomes. We 
defined a successful surgical outcome to be those patients with an Engel score or I & II, or if a 
responsive neurostimulation (RNS) device was implanted, an Engel score of III was considered a 
success. A failed surgical outcome was defined as those patients who had surgical resection or 
ablation and received an Engel score of III or IV. Patient 9 was categorized as CCLow and now 
has seizure freedom (ES I) (Figure 5.1A). The clinicians identified electrode pairs LTP01/02 and 
LTP02/03 as those they believed to be the SOZ (red). Our model revealed that LTP01/02 had the 
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highest PF ratio out of all electrode pairs. The regions denoted to be in the early spread (orange) 
also had some of the higher PF ratios, with our model highlighting electrode pair LHP03/04 as 
having the second highest PF ratio. The resected areas included the SOZ contacts LTP01/02 and 
LTP02/03, which had the two highest PF ratios. Given the surgical outcome of ES I, this 
demonstrates the agreement between our model and clinical annotations in patient cases of low 
clinical complexity and the correlation to successful surgical outcomes.  
In unsuccessful surgical outcomes (ES III and ES IV), we hypothesized the highest PF ratios would 
be in regions not labeled as the SOZ. Patient 7 was a difficult case (CCHigh) who, despite a laser 
ablation at contact CINA1-2, had no improvement in their seizure frequency (ES IV) (Figure 
5.1B). The low PF ratio in CINA1-2 indicates that our algorithm identified this region of the brain 
as non-epileptogenic. Moreover, our algorithm identified SENI3-4 and CIND8-9 as regions that 
may possibly show epileptogenicity due to the high PF ratios values in those regions.   
There were instances where our model agreed with the clinical annotations resulting in a high 
confidence statistic, however, the surgical outcome did not result in seizure freedom. Outlier 
Patient 5 is a patient whose clinically annotated SOZ and EP contacts resulted in high PF ratios 
which would normally suggest a success (Figure 5.2).  The regions that were resected were those 
in the SOZ pairs LPPS1/2 and LSPS1/2, which resulted in an unsuccessful surgical outcome (ES 
IV). However, despite the poor surgical results, the confidence statistic for this patient (Patient 5) 
was high (CS = 1.1412). Due to part of the SOZ (electrode pair LFP63/64) being located in a 
language area of the cortex, it was not surgically removed to prevent a functional deficit.  The next 
highest PF ratio not resected was in the EP pair LFPG33/34, which was also located in the eloquent 
cortex (motor), making the tissue not viable for resection. Failing to remove the entire SOZ likely 
caused the failed outcome. This is just one of several examples demonstrating the complexity of 
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diagnosing and treating these patients and more importantly the difficulty of evaluating 



































Figure 5.1 Bar plot of the ratio of peak gain transfer functions to floor gains for two patient datasets that have surgical outcomes. Dashed lines indicate 
the areas of resection. Figure A is of CCLow patient 9 who now is seizure free (ESI), while figure B is of CCHigh patient 7 who still has seizures (ES IV), 





















Figure 5.5 Bar plot of PF ratios for Patient 5 with a high confidence statistic value according to the model, but an unsuccessful surgical outcome. The 
dotted boxes represent the regions that were resected. Red indicates electrode pairs in the clinically annotated seizure onset zone (SOZ), orange is early 
spread (EP), yellow is irritative zone (IZ), and grey are all others. Regions with high PF ratios were not resected because they were in eloquent cortex, 
possibly explaining the seizure persistence 
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5.5 Study Limitations 
The major limitation of this study is the low number of study subjects, particularly those with 
surgical outcomes. Extending this study to more patients with varying pathologies and epilepsy 
etiologies, particularly those with surgical outcomes, would increase the power of this study. The 
inclusion of more surgical outcome data would help to prove the efficacy of the PF ratio and its 
advantages over the N1 peak. There are also other properties of the transfer function models that 
need to be explored, such as the phase delay, bandwidth, and pole-zero locations. Potentially, 
analysis and inclusion of these additional metrics may help more accurately and fully characterize 
the epileptic network and show the advantage of using the PF ratio for localization of the SOZ, 
particularly in cases of high clinical complexity. 
5.6 Future Work 
In this study we have shown that in SOZ stimulated regions the peak of the frequency response is 
followed by a steep roll-off. This phenomenon suggests a resonance-like property of the network 
that could generate a seizure if the system is triggered by a periodic stimulation at a particular 
frequency. While this is a true for photosensitive epilepsy [84], our findings suggest the prevalence 
of resonance in all types of epilepsy. Therefore, in the future we plan on investigating the idea of 
resonance in the iEEG network more thoroughly and all the properties associated with it. Future 
work will also include designing an experimental study to test this notion of resonance by 
stimulating nodes at their corresponding resonance frequencies, as identified by our models, to see 






Table 3.1 Patient Clinical Table 
Summary of Patient Clinical Data. The following abbreviations were used: P = Patient; G = 
Gender; CC = Clinical Complexity; H = Clinical High Complexity; L = Clinical Low Complexity; 
ES = Engel Score;  FocalA = Focal Awareness Seizure; FocalIA = Focal Impaired Awareness 
Seizures; TC = Tonic Clonic Seizures; MRgLiTT = MRI guided laser interstitial thermal therapy; 
RNS = Responsive Neurostimulator 
P G Age 
Seizure 
Type 
MRI SOZ Surgery Pathology CC ES 
# of SOZ 
contacts 
Total # of 
Stimulated 
Contacts 




















H 3 3 7 











Resection Normal H 3 3 8 






















H 2 1 5 















Resection Cortical dysplasia L 1 3 11 




















Resection Cortical dysplasia H 4 8 25 
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RNS N/A L 3 5 18 
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